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Anti-Forgetting Adaptation for Unsupervised Person
Re-identification

Hao Chen, Francois Bremond, Nicu Sebe, Shiliang Zhang

Abstract—Regular unsupervised domain adaptive person re-
identification (ReID) focuses on adapting a model from a source
domain to a fixed target domain. However, an adapted RelD
model can hardly retain previously-acquired knowledge and
generalize to unseen data. In this paper, we propose a Dual-
level Joint Adaptation and Anti-forgetting (DJAA) framework,
which incrementally adapts a model to new domains without
forgetting source domain and each adapted target domain. We
explore the possibility of using prototype and instance-level
consistency to mitigate the forgetting during the adaptation.
Specifically, we store a small number of representative image
samples and corresponding cluster prototypes in a memory
buffer, which is updated at each adaptation step. With the
buffered images and prototypes, we regularize the image-to-
image similarity and image-to-prototype similarity to rehearse
old knowledge. After the multi-step adaptation, the model is
tested on all seen domains and several unseen domains to validate
the generalization ability of our method. Extensive experiments
demonstrate that our proposed method significantly improves the
anti-forgetting, generalization and backward-compatible ability
of an unsupervised person RelD model.

Index Terms—Re-identification, incremental learning, con-
trastive learning, domain generalization, backward compatible
representation.

I. INTRODUCTION

ERSON re-identification (ReID) [3] targets at matching

a person of interest across non-overlapping cameras.
Although significant improvement has been witnessed in both
supervised [4], [S] and unsupervised domain adaptive [2], [6]
person RelD, traditional methods only consider the perfor-
mance of a single fixed target domain. In the single target
domain scenario, people usually assume that all training data
are available before training a ReID model. However, a real-
world video monitoring system can record new data every day
and from new locations, when new cameras are installed into
an existing system. When a model needs to be frequently
updated with new data, regular unsupervised person RelD
methods can lead to three problems: 1) Once adapted to a
new domain, a model is prone to lose the acquired knowledge
of previous seen domains. 2) A model can hardly learn
domain-shared features and generalize to unseen domains.
3) An adapted retrieval model usually shows low backward-
compatible ability.
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Fig. 1. RelD feature space comparison [1] of regular unsupervised ReID
method ICE [2]] and unsupervised lifelong ReID method DJAA on three
scenarios. 1) Seen domain non-forgetting ability: DJAA preserves previously
acquired knowledge, which reduces the gap in the feature space between
seen domains. 2) Unseen domain generalization ability: DJAA accumulates
domain-shared features that reduce the gap between unseen domains. 3)
Backward-compatible ability: With DJAA, updated query (Query_new) and
gallery (Gallery_new) representations remain in the same feature space with
the previously extracted representations (Query_old, Gallery_old). Query_old
and Gallery_old are Market1501 representations extracted after one adaptation
step, while Query_new and Gallery_new are Marketl1501 representations
extracted after three adaptation steps.

Firstly, as the weather and season are repetitive, losing
previous knowledge usually results in a less robust RelD
system. To tackle the forgetting problem, lifelong person
ReID [7], [8] has been recently proposed to incrementally
accumulate domain knowledge from several seen datasets.
Lifelong person RelD is closely related to incremental (or con-
tinuous) learning [9]]. There are three fundamental scenarios
for incremental learning, including class-incremental learning,
domain-incremental learning, and task-incremental learning.
Facing non-stationary streams of data, lifelong person RelD
is supposed to simultaneously learn incrementally added new
classes and new domain knowledge, which can be defined
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as a joint class-incremental and domain-incremental learning
task. However, previous supervised lifelong person RelD [[7]],
[8] relies on human annotations for cross-domain fine-tuning.
Replacing supervised cross-domain fine-tuning with unsu-
pervised domain adaptation can substantially enhance the
flexibility of a lifelong person RelD algorithm in real-world
deployments.

Secondly, to enhance the model generalization ability on
unseen domain, domain generalization methods [10] jointly
train a model on several domains to learn domain-shared
features. Regular domain generalization requires that several
large-scale domain data are available before training a model.
Lifelong person ReID can be an alternative for learning a
generalizable model, which does not require collecting all data
in advance. By regularizing the model consistency between
old and new domains, we gradually accumulate domain-
shared information into a unified model. With domain-shared
features, an incrementally trained model [8]] has proven to be
generalizable on unseen domains.

Thirdly, after a domain adaptation step, an updated person
ReID model also faces backward-compatiblility [11f], [[12]]
problem. To obtain optimal performance on new data, a
lifelong adaptive person RelD system needs to be frequently
updated. During the lifelong adaptation, feature representa-
tions of previous gallery images need to be re-extracted to
maintain a consistent feature space for the pairwise distance
calculation. However, re-extracting features after each adap-
tation step can be time-consuming. An optimal setting for
lifelong person RelD system is that an updated model only
extracts feature representations from queries and incoming
gallery images, while keeping previous gallery image repre-
sentations unchanged. How to improve the feature consistency
between a model and its updated versions remains a key
problem for building an efficient system, which is neglected
by previous lifelong person ReID methods. We show that anti-
forgetting and backward-compatible ability can be unified into
the same question for lifelong person RelD, i.e., preserving the
representation similarity relationship.

In this paper, we propose an unsupervised lifelong per-
son ReID method to simultaneously address the forgetting,
generalization ability, and backward-compatibility problems.
Unsupervised lifelong person ReID is a challenging yet
practical problem. Compared with generic lifelong domain
adaptation [[13]], [[14]], unsupervised lifelong person RelD faces
more technical problems. On the one hand, lifelong domain
adaptation usually considers fixed classes across different
styles, while unsupervised lifelong person RelD has to deal
with non-overlapping identities across domains. On the other
hand, unsupervised lifelong RelID aims at learning fine-grained
human features, which are usually more sensitive to domain
changes than generic object features. Our objective is to train
a robust person RelD model that is discriminative to each seen
domain while being generalizable to unseen domains.

Inter-instance Contrastive Encoding (ICE) [2] formulates
image-to-prototype and image-to-image contrastive learning
to enhance unsupervised representation learning for person
RelD. The proposed dual-level contrastive learning has proven
to be effective in enhancing intra-cluster compactness and

inter-cluster separability. ICE shows remarkable performance
in unsupervised person RelD. However, when adapted to a
new domain, ICE rapidly loses previously acquired knowledge
from the source domain. In this paper, we extend ICE to unsu-
pervised lifelong person ReID to enhance the anti-forgetting,
generalization and backward-compatible ability during the
multi-step adaptation, as shown in Fig. We incorporate
pseudo-label based contrastive learning and rehearsal-based in-
cremental learning into a Dual-level Joint Adaptation and Anti-
forgetting (DJAA) framework, which enhances anti-forgetting,
generalization and backward-compatible ability at the same
time.

Our proposed DJAA consists of an adaptation module and
a rehearsal module. In the adaptation module, we first use a
clustering algorithm to assign pseudo labels to unlabeled data.
Based on the pseudo labels, we use an image-to-prototype
contrastive loss to make images with the same pseudo-label
converge to a unique cluster prototype. We also use an
image-to-image contrastive loss to further reduce the distance
between hard positives. In the rehearsal module, a small
number of old domain samples and the corresponding cluster
prototypes are selected and stored in a long-term memory
buffer. While adapting a model to a new domain, regular-
izing the image-to-image and image-to-prototype similarity
relationship helps to prevent forgetting previous knowledge.
Given a frozen old domain model and a trainable model, we
set a consistency regularization condition: the image-to-image
and image-to-prototype similarity calculated by the frozen
old domain model and the current domain model should be
consistent during the adaptation. Based on this condition, we
regularize the representation similarity relationship with both
image-level and cluster-level similarity between the frozen
and the trainable models, so that the trainable current domain
model can be updated in a way that suits old knowledge.

The main contributions of our work are four folds. 1)
We comprehensively investigate the forgetting, generalization,
and backward-compatible problems in domain adaptive person
ReID. Our study shows that, those three challenges could be
jointly addressed in a Dual-level Joint Adaptation and Anti-
forgetting (DJAA) framework. To the best of our knowledge,
this is an original person RelD work addressing those three
challenges within a unified framework. 2) We propose an adap-
tation module that combines both cluster-level and instance-
level contrastive losses to learn new domain features. 3)
We propose a rehearsal module to retain previously-acquired
knowledge during the domain adaptation. By introducing data
augmentation and domain gap perturbations, we regularize
the representation relationship at both cluster and instance
levels. 4) Extensive experiments with various setups have
been conducted to validate the effectiveness of our proposed
method. DJAA shows remarkable non-forgetting, generaliza-
tion, and backward-compatible ability on mainstream person
RelD datasets.

II. RELATED WORK
A. Person RelD

Depending on the number of training/test domains and
availability of human annotation, recent person RelD research



TABLE I
COMPARISON OF SUPERVISED (S), UNSUPERVISED DOMAIN ADAPTATION
(UDA), DOMAIN GENERALIZATION (DG), SUPERVISED LIFELONG (SL)
AND UNSUPERVISED LIFELONG (UL) REID SETTINGS. ‘SD’, ‘TD’ AND
‘UD’ RESPECTIVELY REFER TO SOURCE DOMAIN, TARGET DOMAIN AND
UNSEEN DOMAINS.

Setting  Domain Train Label Test
S one TD TD TD
UDA two SD&TD SD D
DG multi all SD SD UD
SL multi one by one SD SD&UD
UL multi one by one  None SD&UD

is conducted under different settings, as shown in Table E}
As the most studied setting, supervised person RelD [J5]],
[15]-[17] has shown impressive performance on large-scale
datasets thanks to deep neural networks and human annotation.
However, as a fine-grained retrieval task, a RelID model
trained on one domain can hardly generalize to other domains.
Unsupervised domain adaptation methods [2]], [18]-[22] are
proposed to adjust a ReID model to a target domain with
unlabeled target domain images. To maximize the model
generalization ability on unseen data, domain generalization
ReID [10], [23]-[27] is proposed to jointly train multiple
labeled domains, in order to learn a generalizable model that
can extract domain-invariant features. The above-mentioned
settings simply assume that all training data is available before
training. However, in most real-world cases, it is hard to
prepare enough diversified data to directly train a generalizable
model. Instead, new domain data can be recorded when time
and season change or a new camera is installed. Supervised
lifelong person RelD [7], [8], [28]-[30] is thus proposed to
learn incrementally added data without forgetting previous
knowledge. LSTKC [31] introduces a relation matrix-based
erroneous knowledge filtering and rectification mechanism to
distill correct knowledge for supervised lifelong person RelD.
However, continuously annotating new domains can be a cum-
bersome task for ReID system administrators. CLUDA [32]
combines meta learning and knowledge distillation to address
the forgetting problem for Unsupervised lifelong person RelD.
However, LSTKC [31] and CLUDA [32] have not considered
the backward-compatible problem for lifelong person RelD.
In addition, LSTKC and CLUDA neglect informative cluster
prototypes that help to regularize the similarity relationship
during adaptation.

B. Contrastive learning

The main idea of contrastive learning is to maximize the
representation similarity between a positive pair composed of
differently augmented views of a same image, so that a model
can be invariant to view differences. While attracting a positive
pair, some contrastive methods also consider other images
as negatives and push away negatives stored in a memory
bank [33], [34] or in a large mini-batch [35]]. Contrastive
methods show great performance in unsupervised represen-
tation learning, which makes it the main approach in unsu-
pervised person RelD. Based on clustering generated pseudo-
labels, state-of-the-art unsupervised person RelD methods
build positive pairs with cluster centroids [21], camera-aware

centroids [36] and generated positive views [37]], [38]. ICE [2]]
combines image-to-prototype and image-to-image contrastive
losses to reach the maximal agreement between positive
images and cluster prototypes. However, these contrastive
methods only consider single-domain view agreements, which
suffer from catastrophic forgetting in multi-domain learning.

C. Incremental learning

Incremental (also called continuous or lifelong) learning
aims at learning new classes, domains or tasks without
forgetting previously acquired knowledge. Previous meth-
ods can be roughly categorized into three directions, i.e.,
architecture-based, regularization-based and rehearsal-based
methods. Architecture-based methods combine task-specific
parameters to build a whole network. These methods progres-
sively extend network structure when new tasks are added into
an existing model [39]-[41]. Regularization-based methods
consist in regularizing model updates on new data in a way that
does not contradict the old knowledge. A common approach
is to freeze the old model as a teacher for previous knowledge
distillation [42]]-[44]. Rehearsal-based (also called recall or
replay) methods address the forgetting problem by storing a
small number of old image samples [45]-[48]] or a generative
model [49]], [SO]. The stored old data or generated data are
used to remind the model of previous knowledge during
incremental training. In addition to the above-mentioned super-
vised incremental methods, several attempts have been made
in unsupervised lifelong adaptation, such as setting gradient
regularization [13] in contrastive learning and consolidating
the internal distribution [14]. CoTTA [51] proposes to use
weight-averaged and augmentation-averaged pseudo-labels for
test-time adaptation. Differently, our method is designed for
lifelong domain adaptation, where we regularize both cluster
and instance-level relationship with data augmentation and
domain gap perturbations in the training. Moreover, general
lifelong adaptation [13]], [14], [51] has identical classes across
different domains, which is not suitable for lifelong RelD that
has to learn fine-grained identity representations from non-
overlapping classes across domains.

D. Backward Compatible Learning

Backward-compatible learning aims at enhancing the back-
ward consistency of feature representations, so that previ-
ously extracted representations can be comparable with newly
extracted representations in retrieval. BCT [11] employs a
cross-entropy distillation loss between old and new classifiers
to constrain new representations. Neighborhood Consensus
Contrastive Learning (NCCL) [52] proposes a neighborhood
consensus supervised contrastive learning method to constrain
new representations at the sub-cluster level. AdvBCT [53] uses
adversarial learning to minimize the distributional distance
between old and new encoders. However, the above-mentioned
backward-compatible learning usually focuses on single-step
learning models. In a long session learning scenario, more
adaptation steps make it easier to lose knowledge of beginning
steps. To handle the multi-step learning scenario, Wan et al.
[12]] introduce a continual learner for visual search (CVS),



which effectively improves the backward compatibility in the
class-incremental task. CVS only considers class-incremental
setting within a single domain, which is sub-optimal for the
domain-incremental scenario. Oh et al. [54]] propose a part-
assisted knowledge consolidation method that leverages both
local and global features to enhance the backward compat-
ibility in lifelong person RelD. Instead of using local fea-
tures, our framework leverages informative cluster prototypes
and instances to enhance the backward compatibility during
domain-incremental learning.

E. Difference with previous methods

In this paper, we explore the possibility of jointly addressing
the forgetting, generalization and backward-compatible prob-
lems existing in regular unsupervised person RelD methods.
Although our method is based on contrastive learning, incre-
mental learning and backward-compatible learning, there are
major differences between our method and previous methods.
Compared with previous contrastive learning that mainly con-
siders single-domain performance, we propose to further reach
maximal image-to-prototype and image-to-image similarity
consistency across different domains for anti-forgetting. Com-
pared with previous lifelong adaptation methods, our proposed
unsupervised lifelong RelD method is able to accumulate fine-
grained identity information from non-overlapping classes in
a domain-incremental scenario. Moreover, our method uses
a dual-level relationship regularization along with contrastive
learning to better mitigate the forgetting problem. Previous
backward-compatible learning methods, such as CVS [12],
only consider class-incremental settings within a single do-
main, which is sub-optimal for the domain-incremental sce-
nario. As incrementally added person RelD domains bring
in both class and domain gaps, it is more difficult to retain
backward consistency in lifelong RelD. Our proposed method
regularizes the representation consistency at both cluster and
instance levels, which enhances the backward compatibility
during domain-incremental learning.

III. METHODOLOGY

A. Overview

Given a stream of N person RelD datasets, unsupervised
lifelong person RelD aims at learning a generalizable model
via sequential unsupervised learning on the training set of each
domain Dy — ... = Ds_1 — Dy... — Dy. After the whole
pipeline, the adapted model is tested respectively on the test
set of each seen domain Dy, ..., Dy, as well as on multiple
unseen domains.

We use 0,,., and 6,4 to respectively represent the adapted
and old models. Incremental learning aims at retaining previ-
ous knowledge while acquiring new knowledge. Given a triplet
of an anchor z;, a positive z,, and a negative x,,, we have
initially d(f(z;[001a), f(2,|001a)) < d(f(2;|001a), f(2;,|001a))
with the old model. After incremental adaptation, the distance
between the anchor f(x;|0pc.) and the positive f(z,|0new)
should remain smaller than that between the anchor and the

negative f(z,|0new). An incremental learning criterion can be
defined as:

d(f(@;|Onew), f(xpwnew)) < d(f(z;0new), f(7,]0new)),

V(i,p,n) € {(i,p.n) 1 yi = yp # Un}, 0
where d(-, -) denotes the distance between two representations.

Backward-compatible learning also aims at retaining pre-
vious knowledge while acquiring new knowledge. Different
to incremental learning, backward-compatible learning focuses
more on the compatibility between new query representations
and old gallery representations. The distance between a new
query f(z;|0new) and a stored gallery positive f(z,|04)
should be smaller than that between the query f(x;|0cw) and
a stored gallery negative f(z,,|0014). A backward-compatible
criterion can be defined as:

d(f(xqj|0new)v f($p|00ld)) < d(f(xi|9new)7 f(xn|90ld))a
V(Z,p,n) € {(7’7pa n) “Yi=Yp 7& yn}a

In this paper, we show that the incremental learning criterion
Eq. (1) and the backward-compatible criterion Eq. (2) can be
both satisfied with a unified framework. We present a Dual-
level Joint Adaptation and Anti-forgetting (DJAA) method for
unsupervised lifelong person ReID. The general architecture
of DJAA is illustrated in Fig. 2] (a). To mitigate the forgetting,
we build a hybrid memory buffer that stores a small number
of informative images and corresponding cluster prototypes
for rehearsing old knowledge. The proposed DJAA consists
of an adaptation module and a rehearsal module, which work
collaboratively to achieve the unsupervised lifelong adaptation
without forgetting. For step s, we jointly train new samples
on domain D, and old samples stored in the hybrid memory
buffer to adapt the encoder 6,_; to become the encoder 6,.

The Adaptation Module of DJAA is shown in Fig. [2] (b).
We use the pseudo label based contrastive learning method
ICE [2] as a baseline, which leverages both an online encoder
and a momentum encoder. In DJAA, the momentum encoder
serves as a knowledge collector that gradually accumulates
knowledge of each seen domain. During the step s, the
momentum encoder (weights noted as 6,,) accumulates new
knowledge with exponential moving averaged weights of the
online encoder (weights noted as 6):

2

0! = afi b+ (1 — )b, (3)

where the hyper-parameter « controls the speed of the knowl-
edge accumulation. ¢ and ¢ — 1 refer respectively to the current
and last iterations. We extract all image representations with
the stable momentum encoder and generate corresponding
pseudo labels with a density-based clustering algorithm DB-
SCAN [55]. Based on the clustered pseudo labels, we build
cluster prototypes for prototype contrastive adaptation loss £,
and image contrastive adaptation loss £;, (described in Section
on the new domain Dj.

The Rehearsal Module of DJAA is shown in Fig. 2] (c).
Before adaptation, we freeze the momentum encoder from
the last step 651 as an old knowledge expert model. We set
the consistency regularization condition: the image-to-image
and image-to-prototype similarity encoded by the frozen old
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Fig. 2. (a) General architecture of DJAA: our proposed framework is composed of an adaptation module and a rehearsal module. A memory buffer stores a
small number of images and corresponding cluster prototypes from previous step s — 1, which are trained jointly with data from step s. The two modules work

collaboratively to achieve the adaptation without forgetting. (b) Adaptation Module: This module follows the new domain pathway (

) to learn new domain

knowledge with dual-level contrastive adaptation losses Lpq and L;,. (¢) Rehearsal Module: This module follows the old domain rehearsal pathway(—) to
rehearse old domain knowledge with dual-level similarity consistency losses Lps and L;s.

domain model and the trainable model should be consistent
during the adaptation. Based on the condition, we set an
image-to-prototype similarity consistency loss L, and an
image-to-image similarity consistency loss L;s (described in
Section [M-C) to regularize the model updates during the
lifelong adaptation.

To train our proposed framework, we combine the above-
mentioned four losses into an overall unsupervised lifelong
loss:

‘Coverall = Epa + )\iacia + )\psﬁps + >\is£is- (4)

B. Adaptation Module

Our adaptation module contains a prototype-level con-
trastive adaptation loss and an instance-level contrastive adap-
tation loss. Combining these two adaptation losses permits
adapting a model to a new target domain, while reducing intra-
cluster variance for better knowledge accumulation.

1) Prototype-level Contrastive Adaptation Loss: Given an
encoded query ¢ and a set of encoded samples K = {ko, k1,
ka, ...}, we use k4 to denote the positive match of the query
q. We define a softmax cosine similarity function:

exp (q - k4 /T)
S exp(q-ki/T)

where ¢ - k is the cosine similarity between ¢ and k. 7 is a
temperature parameter that controls the similarity scale.

S(g, K,7) = (5)

Inside an unsupervised lifelong ReID pipeline, our model
incrementally learns new knowledge on each domain. For step
s, Dy = {x1,...,x,, } where n is the number of current domain
unlabeled images. We first use the momentum encoder 6,,
to extract image representations and calculate re-ranking [56]]
based similarity between each image pair. Based on the pair-
wise similarity, the DBSCAN clustering algorithm is utilized
to assign pseudo labels {yi,...,y,} to unlabeled images
{z1,...,25}. Given a current domain image z;, f(z,;|f) and
f(z,;|0.,) denote respectively the online and the momentum
representations. The prototype of a cluster j is defined as the
averaged momentum representations of all the samples with a
same pseudo-label y;:

p; = ni Z f(%wm), (6)
J T, €Y;
where n; is the number of images in the cluster j.
We use P to denote all the cluster prototypes in the current
domain. A cluster prototype adaptation loss maximizes the
similarity between a sample x; and the positive prototype in

P, which can be defined as:
Epa = 710gS(f(xi|0)aPa 7_zm) N

where 7, is a temperature hyper-parameter.

2) Instance-level Contrastive Adaptation Loss: The
prototype-level adaptation loss L£,, makes samples from
the same cluster converge to a common prototype and push
them away from other clusters. However, images belonging



TABLE II
COMPARISON OF POSITIVE VIEW SELECTION METHODS ON MARKET.
Market
Method mAP  RT
Top-1 hardest positive (ours) 823 938
Average of top-2 hard positives | 823 934
Average of top-3 hard positives | 81.8  93.1

to the same class can be easily affected by noisy factors,
such as illumination and view-point, leading to high intra-
class variance. When the adaptation module is only trained
with L£,,, all the image samples converge at a same pace.
Consequently, representations of hard positive samples remain
far away after optimization. We use an identity-aware sampler
to construct mini-batches. A mini-batch X is composed of
n, identities, where each identity has n; positive instances.
Thus, the batch-size is nys = n, X ng. Given an anchor
instance f(z,|0), we sample the hardest positive momentum
representation f(z;|0,,) that has the lowest cosine similarity
with f(z,|0). To improve the intra-class compactness, we
formulate an instance contrastive adaptation loss:

Eia = - lOg S(f(xz‘a)a f(X|€m)7 Tia) (8)

where f(X6,,) denotes the mini-batch containing one hard
positive f(x;0,) and (n, — 1) X ny, negatives, and 7;, is a
temperature hyper-parameter.

Remark. In our instance-level contrastive adaptation loss,
we select the hardest positive to maximally increase the
similarity between an anchor and the hard positive. Another
possibility is to use the average of top-k hard positives as the
contrastive positive view. We compare the positive selection
methods in Table[Ml] The results show that the hardest positive
slightly outperforms the average of top-k hard positives. We
thus choose to select the hardest positive in our method.

By reducing the intra-cluster variance between hard positive
samples, the instance-level adaptation loss L;, allows for
purifying the new knowledge on D; before being accumulated
into the model 6,,. Person RelD is a cross-camera image
retrieval task, where the individual camera style is the main
factor that causes intra-cluster variance. As shown in ICE [2],
using camera labels to reduce camera style variance can
further mitigate the noise during the knowledge accumulation.
A camera proxy p;j is defined as the averaged momentum
representations of all the instances belonging to the cluster j
captured by camera cy:

1
ij:nf Z

J T €Y;NT;ECk

where 7, is the number of instances belonging to the cluster
7 captured by camera c;. We form a set of camera prototypes
P,4m, which combines one positive cross-camera prototype
and n,., nearest negative prototypes. A camera contrastive
loss is the softmax log loss that minimizes the distance
between an anchor f(z,|6) and each of positive cross-camera

prototypes:
1
DS

T €y;NTi¢cy

Ecam == log S(f(xi|0)apcama7—c); (10)

Consistency against:
1. Domain gap
2. Data augmentation

Fig. 3. We introduce two kinds of perturbations, including domain gap from
different encoders and data augmentation. Our target is to make the model
invariant to domain gap and data augmentation perturbations.

where 7. is a cross-camera temperature hyper-parameter,
which is set to 0.07 following [2]]. |P| is the number of cross-
camera positive prototypes. We provide extra results with
the camera contrastive loss for knowledge accumulation in
Section [V]

C. Rehearsal Module

In our rehearsal module, buffered samples and prototypes
are utilized to prevent catastrophic forgetting during the do-
main adaptation. This module contains an Image-to-prototype
Similarity Consistency loss and Image-to-image Similarity
Consistency loss to maximally retain the old knowledge.
ICE [2] introduces a consistency regularization method to en-
hance a model’s invariance to data augmentation perturbations.
In this paper, we further consider the encoder style as a kind of
perturbation. As shown in Figure [3] we enhance the similarity
consistency between differently augmented views encoded by
current domain encoder 6 and last step encoder 6,_;. In this
way, our model can be robust to both domain style and data
augmentation changes.

1) Image-to-prototype Similarity Consistency loss: Tech-
nically, person RelD is a representation similarity ranking
problem, in which the objective is to have high similarity
scores between positive pairs and low similarity scores be-
tween negative pairs. However, when a model is adapted into
a new domain, the similarity relationship between old domain
samples could be affected by the new domain knowledge.
As a cluster prototype (the averaged representation of all
cluster samples) contains generic information of a cluster, the
prototype memory enables the current model to have access
to generic old domain cluster information without storing all
the images. For the memory buffer of n,,..,, buffered images
and prototypes, we first use the buffered cluster prototypes
P° = {pf,...,p;, . } as anchors to rehearse the old domain
knowledge. As the similarity relationship between images and
prototype should be consistent before and after a domain
adaptation step, we propose an image-to-prototype similarity
loss to ensure the upcoming new knowledge would not change
the image-to-prototype similarity.

As the frozen old model 6,_; from the last domain can
be regarded as an expert on the old domain, we calculate
the cosine similarity between representations encoded by



fs_1 and prototypes as a reference to regularize the online
model 6. Given a mini-batch of old images {x9,...,zj, }
randomly sampled from the memory buffer where np, is
the batch size, the online image-to-prototype similarity be-
tween a buffered image x¢ and buffered prototypes P° is
defined as S(f(z?|6), P°, Tps). For the same mini-batch, we
calculate the image-to-prototype similarity with the frozen
model 65_; as the reference similarity. The reference simi-
larity between the same image-prototype pair is defined as
S(f(illﬂ@s_l), POans)~

We formulate an image-to-prototype similarity consistency
loss with a Kullback-Leibler (KL) Divergence between the two
similarity distributions:

Lys = Dics(S(/(a716). P 70)| .
S(f(2105-1), P°,ps)-

The buffered prototypes can be regarded as anchors of
previously-acquired knowledge. We expect that the new do-
main knowledge does not change the distance relationship
between an image and the prototypes, so that we can retain the
previously-acquired knowledge for anti-forgetting adaptation.
KL divergence measures the information loss when one dis-
tribution is used to approximate another. By minimizing £,
we encourage the image-to-prototype similarity distribution
S(f(x2]0), P°,Tps) calculated with current domain knowl-
edge to be consistent with that calculated with old domain
distribution S(f(x9|0s—1), P°, Tps)-

2) Image-to-image Similarity Consistency loss: Cluster
prototypes contain general cluster information, for example,
the most salient feature shared by different views of a person.
Differently, image instances contain more detailed information
in a specific view, which is complementary to prototype-level
general information. As the similarity relationship between the
same images should be consistent before and after a domain
adaptation step, we propose an image-to-image similarity loss
that regularizes the similarity relationship updates in a way
that does not contradict the old knowledge. Similar to the
image-to-prototype similarity, we also use the frozen old
model 0;_; from the last domain as an expert to calculate
the reference similarity. Given a mini-batch of old images
X ={x9,...,x9, } where ny, is the batch size, the image-to-
image similarity distribution can be calculated with a softmax
function on the cosine similarity between each image pair
in the mini-batch. The image-to-image similarity between
an old image z? and a mini-batch X° is calculated with
both the online encoder 6 and the momentum encoder 6,,,
ie., S(f(x2]0), f(X°|0m), Tis). For the same mini-batch, we
calculate the image-to-image similarity distribution with the
frozen old model A,_; as a reference for the constraint. The
reference similarity between the same image x¢ and the mini-
batch X° is S(f(x2|0s—1), f(X°|0s-1)), Tus)-

We formulate an image-to-image similarity constraint loss
with the KL Divergence between the two distributions:

Lis = Drr(S(f(7]0), f(X°0m), is )|

S lumr) X)) 2

By minimizing £;s, we encourage the similarity relationship
calculated with current domain knowledge 6 to be consistent
with that calculated with old domain knowledge 6,_;.

Remark. As shown in Fig[3] we introduce both domain gap
and data augmentation perturbations. The domain gap pertur-
bations are introduced by using online and frozen encoders.
The data augmentation perturbations are introduced by using
two data augmentation settings on same images. Inspired by
consistency regularization from semi-supervised learning [57]],
we use weak data augmentation on reference similarity calcu-
lation and strong data augmentation on prediction similarity
calculation. As data augmentation can mimic image pertur-
bations, augmentation consistency regularization allows for
enhancing the model robustness against perturbations in real
deployments.

D. Memory Buffer Update

We store a small number of informative samples and cluster
prototype representations in a hybrid memory buffer, which is
updated at the end of each step. The total size of the hybrid
memory buffer is set to 7,ey, images and 1y, prototypes.
In our proposed DJAA framework, the default value of 7,,cm,
is 512. Suppose that |P| is the number of current domain
clusters and | P°| is the number of buffered cluster prototypes,
we update the memory buffer with n,., samples from the
new domain and n,;qy samples from the memory buffer:

|P|
Nnpew = X Nmem s 13
Po[ + P (1

PO
Nold = Ligd (14)

— X .
e

Previous methods [29], [32] usually store several samples
from randomly selected classes, which is sub-optimal for our
proposed image-to-prototype similarity consistency loss. We
propose a simple yet effective clustering-guided selection al-
gorithm to select informative samples. As the cluster prototype
is defined as the averaged representation, the prototype can
cover more sample information if a cluster contains more
samples. We thus use the number of samples to rank each
cluster and preferentially select clusters that contain more
samples. Once a cluster is selected, we proceed to calculate
the cosine similarity between the cluster prototype and cluster
samples. Under unsupervised setting, we argue that the sample
with the highest similarity score is the most credible sample
belonging to the cluster. To mitigate the pseudo-label noise
and enhance the data diversity, we select 1 sample that is
closest to the prototype in each selected cluster. We provide
training and memory buffer updating details in Algorithm [I]
We validate the effectiveness of our proposed memory buffer

updating method in Section [[V-G2

IV. EXPERIMENTS
A. Datasets and Evaluation Protocols

We use 4 seen datasets for domain-incremental training and
10 unseen datasets for generalization ability evaluation, as
shown in Table



Algorithm 1 DJAA for unsupervised lifelong person RelD
Input: Unlabeled domains Dy — ... =+ Dy — ... — Dy, a
hybrid memory buffer of size 7,,¢.m, an online encoder 6 and
a momentum encoder 6,,.

Output: Encoder 6,,, after N-step adaptation.

1: for D, = D; to Dy do

2:  Get 6, from the last step Ds_;. Freeze a copy of
momentum encoder 0,_1 <+ 0,,. Initialize the online
encoder with the momentum encoder 6 < 6,,,;

3:  for epoch =1 to E,,q. do

4: Generate pseudo labels on Dy;

5: Calculate cluster prototypes P in Eq. (6) on Dy;

6: for iter =1 to 1,4, do

7: Sample a mini-batch from the current domain D
for £,, in Eq. and L;, in Eq. ;

8: Sample a mini-batch from the memory buffer for
Lys in Eq. (TI) and £; in Eq. (12);

9: Train 0 with Loperqn in Eq. (@);

10: Update 6,,, with Eq. (3);

11: end for

12:  end for
13:  Update the memory buffer with 7n,.,, new samples and
noiq previous samples, following Eq. (I3) and Eq. (14);

14:  Store 6,, for next step Dsi1;
15: end for

TABLE III
DATASET STATISTICS. UNSEEN DOMAINS ARE ONLY USED FOR TESTING.
Type Dataset #train img  #train id  #test img  #test id
PersonX [58] 9840 410 35952 856
Seen Market [59] 12936 751 19281 750
Cuhk-Sysu [60] 15088 5532 8347 2900
MSMT17 [61] 32621 1041 93820 3060
VIPeR [62] - - 632 316
PRID (63! - - 749 649
GRID [64] - - 1025 125
iLIDS [65] - - 120 60
Unseen CUHKO1 66 - - 1944 486
” CUHKO2 [67] - - 956 239
SenseRelD [68] - 4428 1718
CUHKO3 [69] - 1930 100
3DPeS [70] - - 512 96
MMP-Retrieval [32] - 28907 7

Incremental training on seen datasets: We set 2 incremen-
tal training pipelines on seen datasets, i.e., one-cycle full set
benchmark and two-cycle subset benchmark. The one-cycle
full-set benchmark targets at evaluating the effectiveness of
handling imbalanced class numbers between different adap-
tation steps, while the two-cycle subset benchmark aims to
mimic the season and weather cycle, which may re-appear
after several adaptation steps. In the one-cycle full set bench-
mark, we do not use any supervised pre-training. The model is
directly adapted to Market1501, CUHK-SYSU, and MSMT17.
We further define two training orders, i.e., Market—Cuhk-
Sysu—MSMT17 and MSMT17—Market—Cuhk-Sysu. In the
two-cycle subset benchmark, following CLUDA [32], we
first pre-train our model on PersonX in a supervised
manner. Then, we adapt our pre-trained model to Mar-

ket1501, CUHK-SYSU, and MSMT17 in an unsupervised
manner. The adaptation steps are repeated twice, with
each stage involving a subset of 350 identities. The two-
cycle training order is defined as PersonX—Market —Cuhk-
Sysu—MSMT17—Market—Cuhk-Sysu—MSMT17. Cumula-
tive Matching Characteristics (CMC) at Rankl accuracy and
mean Average Precision (mAP) are used in our experiments.
We also report the averaged sRank1 and smAP on the seen
domains and unseen domains.

Generalization ability on unseen datasets: We use
10 person RelD datasets to maximally evaluate the model
generalization ability on different unseen domains, includ-
ing VIPeR, PRID, GRID, iLIDS, CUHKO1, CUHKO02,
SenseRelD, CUHKO3, 3DPeS and MMP-Retrieval. These 10
datasets cover all the unseen domains that are considered in
previous supervised lifelong ReID methods [[7]], [8] and do-
main generalizable ReID methods [[10]. We use the traditional
training/test split on CUHKO3 dataset. Rank1 accuracy and
mAP results are respectively reported on the test set of each
unseen domain after the final step.

Backward-compatible evaluation: To evaluate the back-
ward compatibility of feature representations, we report re-
trieval performance between current query images and current
gallery images (termed as self-test), and that between current
query images and stored gallery images (termed as cross-test).

B. Implementation details

1) Training: Our method is implemented under Py-
torch [71] framework. The total training time with 4 Nvidia
1080Ti GPUs is around 6 hours. We use an ImageNet [72]]
pre-trained ResNet50 [73] as our backbone network. For the
strong data augmentation, we resize all images to 256x 128
and augment images with random horizontal flipping, crop-
ping, Gaussian blurring and erasing [74]]. For the weak data
augmentation, we only resize images to 256 x128.

At each step in the one-cycle full set training, we train our
framework 30 epochs with 400 iterations per epoch using a
Adam [75] optimizer with a weight decay rate of 0.0005. For
the two-cycle subset evaluation, we follow CLUDA [32] to
train our model for 60 epochs without specified iterations.
The learning rate is set to 0.00035 with a warm-up scheme
in the first 10 epochs. No learning rate decay is used in the
training. Pseudo labels on the current domain are updated on
re-ranked Jaccard distance [56] at the beginning of each epoch
with a DBSCAN [55]], in which the minimum cluster sample
number is set to 4 and the distance threshold is set to 0.55.
The momentum encoder is updated with a momentum hyper-
parameter o = 0.999. To balance the model ability on old
domains and the new domain, we separately take a mini-batch
of current domain images and a mini-batch of buffered images
of the same batch size n;s, which is set to nys = 32 in our
experiments. Furthermore, we use a random identity sampler
to construct mini-batches to handle the imbalanced images
of different identities. Following the clustering setting on the
current domain, the 32 current domain images are composed
of 8 identities and 4 images per identity. Inside the mini-batch
of buffered images, the 32 buffered images are composed of
32 identities and 1 image per identity.



SEEN-DOMAIN RESULTS (%) OF UNSUPERVISED DOMAIN ADAPTATION (U) AND UNSUPERVISED LIFELONG (UL) METHODS ON ONE-CYCLE FULL SET

TABLE IV

BENCHMARK. THE TRAINING ORDER IS MARKET—CUHK-SYSU—MSMT17. * REFERS TO USING THE CAMERA LOSS EQ.(T0) To REDUCE

INTRA-CLUSTER VARIANCE. THE BEST PERFORMANCE IS MARKED IN BOLD.

Memo Market Cuhk-Sysu MSMT17 Average
Method sre | P AP RankT T AP Rankl | WAP — Rakl | 5roap 5, F—
ICE [ 0 T | 290 604 | 725 763 | 218 490 | 4L 61.0
CC (76 0 U | 310 589 | 746 773 | 257 518 | 4338 627
PPRL [22] 0 U | 295 586 | 756 795 | 329 632 | 460 67.1
LwF [43) 0 UL | 275 590 | 705 747 | 203 486 | 395 60.8
iCaRL [45] 512 UL | 374 676 | 795 819 | 199 454 | 455 65.0
Co2L 47 512 UL | 353 620 | 783 808 | 242 507 | 460 645
CVS [17] 512 UL | 568 787 | 746 774 | 157 386 | 490 64.9
LSTKC [31] 512 UL | 488 749 | 772 797 | 206 476 | 488 67.4
DIAA (ours) 512 UL | 602 825 | 839 856 | 207 467 | 549 716
DIAA* (ours) | 512 UL | 652 863 | 818 841 | 237 516 | 569 74.0
TABLE V

UNSEEN-DOMAIN RESULTS (%) OF UNSUPERVISED (U), UNSUPERVISED LIFELONG (UL) AND DOMAIN GENERALIZATION (DG) METHODS ON

ONE-CYCLE FULL SET BENCHMARK. THE TRAINING ORDER IS MARKET—CUHK-SYSU—MSMT17. * REFERS TO USING THE CAMERA LOSS EQ.@D TO

REDUCE INTRA-CLUSTER VARIANCE. THE BEST UNSUPERVISED PERFORMANCE IS MARKED IN BOLD.

Method Memory Type VIPeR PRID GRID iLIDS CUHKO1 | CUHKO2 | SenseRelD | CUHKO03 3DPeS Average
Size mAP RI [mAP RI [mAP RI [mAP RI [mAP RI [mAP RI [mAP RI [mAP RI |mAP RI [5,4pP 5pg1
ICE [2] 0 U | 357 259|390 29.0]20.6 144|714 61.7|60.6 60.0| 482 458|33.6 279|173 29.7|485 554| 41.7 389
CC [76] 0 U | 433 326|416 28.0|21.1 152|795 733|663 66.0|572 573|379 30.6|25.6 240|544 59.6| 474 43.0
PPRL [22] 0 U | 405 30.1| 438 330|150 9.6 |743 633|663 659|545 533|384 312|222 203|500 624| 450 41.0
LwF [42] 0 UL | 41.0 29.7| 40.1 30.0|19.7 13.6| 749 66.7| 624 619|528 519|339 27.3|20.0 34.1|522 586| 44.1 415
iCaRL [45] 512 UL | 48.1 38.0| 445 340|294 200|821 76.7|669 660|583 552|421 355|262 41.3|57.1 63.6| 50.5 478
Co?L [47] 512 UL | 43.8 32.0|50.7 41.0| 304 21.6|83.6 76.7|69.5 693|581 542|39.6 31.6|253 41.6|554 62.7| 50.7 478
CVS [12] 512 UL | 443 332|316 23.0|31.0 232|785 717|628 608|582 552|426 347|323 410|545 60.9| 484 449
LSTKC [31] 512 UL | 43.6 30.7| 450 35.0|31.7 240|744 683|665 66.2|61.8 59.8|43.4 364|293 403|578 664| 504 475
DJAA (ours) 512 UL | 49.0 38.3| 56.0 44.0| 46.0 36.0| 829 76.7|69.3 69.3|67.3 659|475 395|314 488|645 70.5| 57.1 543
DJAA* (ours) | 512 UL | 50.9 39.6| 534 44.0| 472 37.6| 798 71.7| 703 69.7| 669 63.8|50.1 42.2| 361 46.7| 64.8 70.5| 57.7 54.0
ACL [25] All DG | 69.2 60.8| 60.0 50.0|58.8 48.8|89.9 86.7| 784 77.8|77.1 764|624 535|651 673|71.1 788| 702 66.7

We use grid search to set the optimal temperature and
balancing hyper-parameters in our proposed losses. Based on
grid search results, we set the temperature hyper-parameters
Tpa = 0.5, 7 = 0.1, 755 = 0.1 and 735 = 0.2. To make
rehearsal and adaptation losses on the same scale, we set the
balancing hyper-parameters A\ = 1, Aps = 10 and A;5 = 20.
For the memory buffer, we set n,,¢,m, = 512, where the total
identity number equals 512 and 1 image per cluster. After
the whole training, only the momentum encoder is saved for
inference.

2) Compared methods: We re-implement 3 types of unsu-
pervised methods, including unsupervised domain adaptation,
unsupervised lifelong and supervised domain generalization
methods to compare with our method.

The unsupervised domain adaptive methods include ICE [2],
CC [76] and PPRL [22]], which are trained sequentially
on each seen domain. The lifelong methods include three
general-purpose lifelong methods (LwF [42], iCaRL [45]]
and Co’L [47])), one backward-compatible class-incremental
method CVS [12] and one lifelong ReID method LSTKC [31]].
LwF is a regularization-based method, which does not store
old samples for rehearsal. LWF uses a prediction-level cross-
entropy distillation [[77]] between old and new domain models.
iCaRL and Co’L are rehearsal-based methods. iCaRL con-
ducts prediction-level distillation on new and stored old images
for rehearsal. Co®L proposes an asymmetric supervised con-
trastive loss and a relation distillation for supervised continual
learning. CVS formulates an inter-session data coherence loss
and a neighbor-session triplet loss to enhance model coherence
during the incremental learning. For general-purpose methods

LwF, iCaRL, Co2L and CVS, we combine our unsupervised
adaptation module (£,, + £;,) and the lifelong learning
techniques of each paper to convert these methods to person
ReID and conduct a fair comparison with our method. For
example, in LwF, we combine our contrastive baseline for
learning current domain knowledge and the prediction-level
distillation for mitigating the forgetting. To convert the su-
pervised lifelong method LSTKC [31] into an unsupervised
lifelong method, we combine our unsupervised adaptation
module (£,, + L;,) and the rectification-based knowledge
distillation. We also re-implement a supervised domain gen-
eralization method ACL [25] to show the upper bound of the
generalization ability. The compared lifelong methods, such as
LwF [42], iCaRL [45], Co®L [47], CVS [12] and LSTKC [31],
follow the same data augmentation. For ICE [2]], CC [76],
PPRL [22] and ACL [25], we directly use their original
augmentation setting, including random cropping, flipping and
erasing.

C. Seen-domain adaptation performance evaluation

For the one-cycle full set benchmark, we report seen-domain
results after the final step in Table Designed for maxi-
mally learning domain-specific features inside a single domain,
regular unsupervised adaptation methods ICE, ClusterContrast
(CC) and PPRL cannot learn domain-agnostic generalized
features for lifelong ReID. We convert several incremental
learning methods, such as LwF, iCaRL, Co2L and CVS, into
unsupervised lifelong ReID methods. Among these lifelong
methods, the rehearsal-based methods iCaRL and Co®L yield
better averaged performance than the pure regularization-based



TABLE VI
ADAPTATION PERFORMANCE (%) EVALUATION ON THE TWO-CYCLE SUBSET BENCHMARK. THE TRAINING ORDER IS
PERSONX—MARKET—CUHK-SYSU—-MSMT17—MARKET—CUHK-SYSU—MSMT17.

Method Market(t=1) Cuhk-Sysu(t=2) | MSMT17(t=3) Market(t=4) Cuhk-Sysu(t=5) | MSMT17(t=6)
mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1

CLUDA [32] | 5296 7521 | 71.35 7538 11.04 28.67 | 6487 8279 | 7839  81.86 14.64 3391

DJAA (ours) 56.5 79.4 81.1 83.4 16.3 38.5 65.3 84.7 82.9 84.8 16.8 39.5
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Fig. 4. Non-forgetting evaluation with mAP and Rankl on the first seen

domain Market-1501. The training order is Market—Cuhk-Sysu—MSMT17.
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Fig. 5. Generalization ability evaluation with averaged mAP and averaged
Rankl on all the unseen domains. The training order is Market—Cuhk-
Sysu—MSMT17.

method LwF. We also report the performance of state-of-the-
art unsupervised lifelong ReID method CLUDA. Under the
unsupervised lifelong setting, our proposed DJAA outperforms
the state-of-the-art method CVS by 5.9% on averaged mAP
and 6.7% on averaged Rankl. We further add camera-aware
contrastive loss to reduce the camera style variance. With
less camera noise being accumulated into our model, DJAA*
achieves higher averaged performance on seen domains.
DJAA* does not performs well on CUHK-SYSU, because
no camera labels are available on this dataset. We further
draw mAP/Rankl variation curves on the first seen domain
Market1501 in Fig. [d which confirms that our proposed DJAA
has a better anti-forgetting capacity. After 3 adaptation steps,
our proposed DJAA forgets the least knowledge among all the
compared methods.

For the two-cycle subset benchmark, we compare the adap-
tation performance after each step in Table and the anti-
forgetting performance in Table As shown in Table |VI}
our method DJAA shows superior adaptation performance
on the two domain adaptation cycles. These results demon-
strate the effectiveness of our proposed adaptation module
in adapting a model to new environments. As shown in
Table our method DJAA shows slightly inferior anti-
forgetting performance on PersonX, while significantly outper-
forming CLUDA on Market1501 and CUHK-SYSU. The anti-
forgetting performance of DJAA surpasses that of CLUDA on
the averaged results over PersonX, Market and Cuhk-Sysu.
These results demonstrate the effectiveness of our proposed
rehearsal module in alleviating catastrophic forgetting.

D. Unseen-domain generalization ability evaluation

For the one-cycle full set benchmark, we report unseen-
domain generalization ability results in Table Similar to
seen-domain results, ICE, ClusterContrast (CC) and PPRL
can hardly learn domain-agnostic generalized features, which
leads to low performance on unseen domains. On the contrary,
lifelong methods accumulate knowledge from each adapted
domain and eventually learn domain-agnostic generalized fea-
tures. With the same baseline, the rehearsal-based methods
iCaRL, Co?L and CVS outperform the pure regularization-
based method LwF. Under the unsupervised lifelong setting,
our proposed DJAA outperforms the second best method Co’L
by 6.4% on averaged mAP and 6.5% on averaged Rankl. We
also add camera-aware contrastive loss to reduce the camera
style variance. With camera information, the performance of
DJAA¥* is on par with DJAA on unseen domains, showing that
camera information does not bring in any further improvement
in generalization ability. We further re-implement a domain
generalization method ACL, to show the generalization ability
of the supervised multi-domain generalization method on
unseen domains. ACL is jointly trained on three datasets with
human-annotated labels. With more expensive training setup
than the unsupervised lifelong learning, ACL shows a strong
domain generalization ability. The generalization ability of
DG methods is related to the data distribution. If the training
datasets and unseen test datasets have significantly different
styles, DG methods could fail to generalize to unseen test
datasets. Compared to DG, UL methods have better flexibility
in data preparation and label annotation.

For the two-cycle subset benchmark, we compare the gen-
eralization performance after the final adaptation step in Ta-
ble Following CLUDA [32]], we uniformly downsample
the original video sequences of MMPTRACK [78] with a
ratio of 128, and divide each downsampled sequence into two
halves. On MMP-Retrieval dataset, we report the Rank-1 and
mAP scores averaged over all the five scenarios as the final
results. Our proposed method DJAA significantly outperforms
CLUDA in the Rank-1 score. The results validate the strong
domain generalization ability of our method in the repetitive
domain adaptation scenario.

E. Backward-compatible ability evaluation

To validate the effectiveness of our proposed method, we
compare backward-compatible ability between state-of-the-art
methods and our proposed method DJAA in the domain-
incremental scenario. As shown in Table [[X] each adaptation
step helps to acquire new domain knowledge, while losing
previous domain knowledge. ICE is designed for traditional
one-step unsupervised domain adaptation, which has the most



TABLE VII
ANTI-FORGETTING PERFORMANCE (%) EVALUATION ON THE TWO-CYCLE SUBSET BENCHMARK. THE TRAINING ORDER IS
PERSONX—MARKET—CUHK-SYSU—-MSMT17—MARKET—CUHK-SYSU—MSMT17.

=3 t=6
Method PersonX Market Cuhk-Sysu PersonX Market Cuhk-Sysu
mAP  RI | mAP RI | mAP RI | mAP RI | mAP RI | mAP  RI
CLUDA [32] | 69.48 80.66 | 45.60 69.97 | 69.44 7324 | 58.23 7647 | 49.12 7625 | 7543 78.28
DJAA (ours) | 644 806 | 482 736 | 814 841 | 560 756 | 556 782 | 804 827
TABLE VIII validate the effectiveness of each loss, we conduct ablation

GENERALIZATION ABILITY PERFORMANCE (%) EVALUATION ON
MMP-RETRIEVAL DATASET. THE TRAINING ORDER IS
PERSONX—MARKET—CUHK-SYSU—MSMT17—MARKET—CUHK-

SYSU—MSMTI17.
MMP-Retrieval
Method FmAP RT
CLUDA |[32] 41.0 67.8
DJAA (ours) 42.7 78.1
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Fig. 6. Ablation study on non-forgetting evaluation with mAP and Rankl on
the 6f(i)rst seen domain Market-1501.
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Fig. 7. Ablation study on generalization ability evaluation with averaged mAP
and averaged Rankl on all the unseen domains.

evident performance drop in the cross-test. Co’L is a class-
incremental learning method, which shows better backward-
compatible ability than ICE. CVS aims at simultaneously ad-
dressing class-incremental learning and backward-compatible
learning. Our proposed DJAA uses both image-to-prototype
and image-to-image similarity to maximally retain old domain
knowledge, which shows optimal backward-compatible ability.
The stored gallery features are extracted with the first-domain
expert model, which has more discrimination ability than
the updated model on the first domain. With compatible
gallery features extracted with our DJAA, the cross-test even
outperforms the self-test for lifelong person RelD.

F. Ablation study

1) Adaptation and rehearsal losses: To tackle the forgetting
problem during the unsupervised domain adaptation, we pro-
pose a dual-level joint adaptation and anti-forgetting method.
The performance improvement of DJAA over the baseline
mainly comes from the combination of the adaptation losses
and the rehearsal losses ‘L., ‘Lio’, ‘Lps’ and ‘L;;°. To

experiments by gradually adding one of them onto the base-
line. In Table [X] when we only use a prototype adaptation loss
‘Lpq’, our model tends to lose most of the previous knowledge.
The instance-level adaptation loss ‘L;,’ reduces intra-cluster
variance, which prevents the noise accumulation in the multi-
step adaptation. The prototype-level similarity consistency
loss ‘L, and the instance-level similarity consistency loss
‘L;s" respectively make the image-to-prototype and image-to-
image similarity relationships consistent to domain knowledge
changes. A cluster prototype contains general information of
a cluster, while an instance contains specific information from
a single view. As the two consistency losses work on different
levels, ‘L,s’ and ‘L;;’ are complementary to each other. By
combining all the above-mentioned losses, our full DJAA
framework yields the highest performance on both seen and
unseen domains. We draw the forgetting curve in Fig. [ and
the generalization ability curve in Fig. /] which further validate
the effectiveness of our proposed losses.

The backward compatible learning aims at maintaining
the consistency of representations after training more data,
so that previously extracted representations can be directly
compared with newly extracted representations. The backward
compatibility is strongly correlated with the anti-forgetting
ability of a method. We perform an ablation study to validate
the effectiveness of our Rehearsal Module in addressing the
backward compatibility problem. The difference between the
self-test and the cross-test reflects the backward compatibility.
As shown in Table [XI| the cross-test performance obviously
degrades when we only use the adaptation losses L, and L.
The improvement in the backward compatibility comes mainly
from our rehearsal module (£,; and L;s). In particular, the
image-to-image similarity consistency loss L;s provides the
most significant performance boost.

2) Data augmentation consistency: In our method, the data
augmentation includes random horizontal flipping, cropping,
Gaussian blurring and erasing. These augmentation techniques
are chosen to mimic real-world perturbations, such as view-
point variance, imperfect detection and occlusion. We use
these data augmentation techniques to generate augmented
views for contrastive learning. By maximizing the similarity
between positive views, our model can learn robust represen-
tations. As shown in Table [XII} all the chosen augmentation
techniques contribute to the adaptation performance. Among
these augmentation techniques, the random erasing provides
the most significant performance improvement, while the
random blurring provides the least. Suitable data augmentation
should be diverse but realistic, which means augmentation
should not bring in distortions absent in the real dataset. The



TABLE IX
BACKWARD-COMPATIBLE PERFORMANCE ON MARKET1501. FULL SET TRAINING ORDER #1: MARKET—CUHK-SYSU—MSMT17. Q1,92 AND Q3
RESPECTIVELY DENOTE MARKET1501 QUERY FEATURES EXTRACTED AFTER STEP 1, 2 AND 3. G1,G2 AND G3 RESPECTIVELY DENOTE MARKET1501
GALLERY FEATURES EXTRACTED AFTER STEP 1, 2 AND 3. THE COLORED NUMBER IS THE DIFFERENCE BETWEEN SELF-TEST AND CROSS-TEST.

Step 1 Step 2 Step 3

Method Self-Test (Q1,G1) | Self-Test (Q2, G2) Cross-Test (Q2,G1) Self-Test (Qs, G3) Cross-Test (Q3,G1)
mAP R1 mAP R1 mAP R1 mAP R1 mAP R1
ICE [2] 80.1 928 414 67.1 303(1 11.1) 493(]1 17.8) | 33.4 65.0 34(130.0) 631 58.7)
Co2L 47 73.8 88.1 47.0 70.2 412(15.8) 5800 12.2) | 33.7 61.3 9.6(] 24.1)  15.9(] 45.4)
Cvs [12] 75.3 90.4 65.7 85.1 61.4(, 4.3)  783(16.8) | 56.8 78.7 49.6(] 7.2)  67.1(1 11.6)
LSTKC[31] | 742 89.4 63.1 83.9 64.6 83.6(] 0.3) | 48.8 749 38.5(1 10.3)  61.3(] 13.6)
DJAA (ours) | 74.6 90.1 70.2 88.3 71.7 89.0 59.0 81.0 65.2 85.6
four augmentations (random flipping, cropping, blurring and
TABLE X g ( pping, cropping g

ABLATION STUDY ON THE ADAPTATION LOSSES (Lpq AND L;q) AND THE
SIMILARITY CONSISTENCY LOSSES (Lps AND L;5). WE REPORT THE
AVERAGED RESULTS ON SEEN AND UNSEEN DOMAINS.

Seen Unseen
Fra  Lia  Lps  Lis 5mAP___5R1 | 5mAP__ 3RI1
v 40.2 59.4 414 39.7
v v 41.9 62.7 47.0 449
v v v 51.9 66.5 52.2 49.5
v v v 53.0 70.0 53.3 50.8
v v v v 54.9 71.6 57.1 54.3
TABLE XI

ABLATION STUDY ON THE BACKWARD COMPATIBILITY. THE SELF-TEST
IS REPORTED BETWEEN Qg AND Go. Qo IS THE MARKET1501 QUERY
FEATURES EXTRACTED AFTER STEP 2 (CUHK-SYSU). G2 IS THE
MARKET1501 GALLERY FEATURES EXTRACTED AFTER STEP 2. THE
CROSS-TEST IS REPORTED BETWEEN Q9 AND G1. G IS THE
MARKET1501 QUERY FEATURES STORED AFTER STEP 1.

Self-Test(Qz2, G2) Cross-Test(Q2, G1)
Lpa  Lia  Lps  Lis mAP R1 mAP R1
v 19.0 40.0 9.6(19.4) 24.1(] 15.9)
v v 49.5 72.9 40.1(1 9.4)  56.1() 16.8)
v v v 68.2 86.4 64.5(] 3.7) 82.6(] 3.8)
v v v 69.0 87.6 69.9 89.0
v v v 70.2 88.3 71.7 89.0
TABLE XII

ABLATION STUDY ON DATA AUGMENTATION, INCLUDING RANDOM
HORIZONTAL FLIPPING (FLIP), RANDOM CROPPING (CROP), RANDOM
BLURRING (BLUR) AND RANDOM ERASING (ERASE). WE REPORT THE

AVERAGED RESULTS ON SEEN AND UNSEEN DOMAINS.

Flip Crop Blur Erase ColorJitter — Seen - - Unseeni

SmAP SR1 SmAP SR1

v v v v 54.9 71.6 571 54.3
v v v 49.8 65.6 51.3 47.8

v v v 52.4 68.5 53.4 49.7
v v v 533 69.1 54.3 51.2
v v v 48.1 65.5 49.2 45.5
v v v v v 55.1 71.6 57.1 53.2

TABLE XIII

COMPARISON OF DIFFERENT DATA AUGMENTATION SETTINGS FOR
AUGMENTATION CONSISTENCY REGULARIZATION.

Loss Pred Ref = Seen — — Unseenﬁ
SmAP SR1 SmAP SR1
Weak  Weak 55.2 72.3 56.7 54.1
Lps  Strong  Strong 55.3 714 56.4 53.8
Strong ~ Weak 54.9 71.6 57.1 54.3
Weak Weak 48.5 67.9 50.6 48.5
Lis Strong  Strong 54.2 70.7 56.2 53.6
Strong ~ Weak 54.9 71.6 57.1 54.3

erasing) are empirically selected. The results in Table[XII| show
that adding color jitter augmentation achieves similar results.
Thus, we do not bother adding color jitter.

In addition to regularizing the consistency between two en-
coders of different steps, we also introduce data augmentation
perturbations to further enhance the model robustness. We
report the performance of different data augmentation settings
in Table Different data augmentation settings on the
prototype-level similarity consistency loss ‘L, have only a
slight influence on the final performance. For the instance-
level similarity consistency loss ‘L;s’, the influence of the
data augmentation setting is more evident. We can observe
that data augmentation brings in meaningful perturbations for
consistency regularization. Using weakly augmented similarity
as reference to regularize the strongly augmented prediction
similarity with perturbations is the optimal setting for augmen-
tation consistency regularization.

3) Hyperparameter analysis: : We use grid search to set the
optimal temperature and weight hyper-parameters to balance
our proposed losses. The temperature hyperparameters 7, and
T;s control the scale of image-to-prototype and image-to-image
similarity. Based on the results in Table we set the tem-
perature hyperparameters 7,; = 0.1 and 7;, = 0.2 in image-
to-prototype and image-to-image similarity rehearsal losses,
respectively. The weight hyperparameters \,; and \;s balance
the importance of contrastive adaptation, image-to-prototype
and image-to-image similarity losses. Based on the results
in Table we set the balancing weight hyperparameters
Aps 10 and X;s = 20. The exponential moving average
hyperparameter « control the the speed of the knowledge
accumulation from the online encoder to the momentum
encoder. Table shows that « = 0.999 is the optimal
setting for our framework. The hyperparameters are tuned in
the training order Market—Cuhk-Sysu—MSMT17. The tuned
hyperparameters are kept the same for the second training
order MSMT17—Market—Cuhk-Sysu, which validates the
effectiveness of these hyperparameters.

G. Discussion

1) Training order: As datasets are of different scales and
diversity, it is meaningful to know whether the training order
has a significant influence on the final results. Our primary
training order starts from a medium domain Market and ends
with the largest domain MSMT17. However, it is hard to
control the order of upcoming domains in the real world. We



TABLE XIV
COMPARISON OF DIFFERENT VALUES FOR TRAINING HYPERPARAMETERS.
Tps AND T;s ARE TEMPERATURE HYPERPARAMETERS. Aps AND Ajs ARE
WEIGHT BALANCING HYPERPARAMETERS. o IS THE EXPONENTIAL
MOVING AVERAGE (EMA) HYPERPARAMETER.

- Seen Unseen - Seen Unseen
pe SmAP SRankl|SmAP SRankl s SmAP SRankl|SmAP SRankl
0.05] 525 685 | 539 513 0.1] 53.5 69.6 | 525 495
0.1 549 716 | 571 543 02| 549 716 | 571 543
02| 554 71.6 | 56.1 52.8 0.3] 475 65.6 | 483 443
A Seen Unseen ) Seen Unseen
ps SmAP SRankl|SmAP SRankl s SmAP SRankl|SmAP SRankl
51546 709 | 539 503 10| 542 69.6 | 540 50.7
10| 549 716 | 571 543 20| 549 716 | 571 543
15479 644 | 490 454 300 529 711 | 552 524
o Seen Unseen
SmAP SRankl SmAP SRankl
0.99 534 70.1 53.2 50.8
0.999 54.9 71.6 571 54.3
0.9999 38.4 51.2 424 40.3
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Fig. 8. Non-forgetting evaluation with mAP and Rankl on the first seen
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averaged Rankl on all the unseen domains. The training order is
MSMT17—Market501—Cuhk-Sysu.

test a second order MSMT17—Market—Cuhk-Sysu that starts
from the largest domain MSMT17. In the second training
order, it is easier to forget more knowledge on the largest
domain MSMT17. Consequently, the performance under the
training order #2 is slightly inferior to that of the training
order #1. As shown in Table DJAA still significantly
outperforms the state-of-the-art methods CLUDA and CVS on
seen domains. In the meantime, as shown in Table [XVI, DJAA
also outperforms state-of-the-art methods on unseen domains.
We provide a forgetting curve on the seen domains in Fig.
and a generalization ability on unseen domains in Fig. [9}
Compared to previous methods, our proposed DJAA shows
both strong anti-forgetting and generalization abilities. We
further compare backward-compatible ability between state-of-
the-art methods and our proposed method DJAA in the second
training order. As shown in Table DJAA consistently
shows superior backward-compatible ability over previous
methods in the second training order.

2) Data selection for memory buffer update: To update the
image memory at the end of each step, our strategy is to
first select ny,e clusters with largest cluster sample numbers.
The prototypes of selected clusters are used to update the
memory buffer. Then, we select one image that is closest to
its cluster prototype. In this way, we select the representative
clusters for our image-to-prototype similarity consistency loss.
As shown in Table [XVIII] we compare three possible memory
buffer updating strategies. ‘Random’ refers to randomly sam-
ple nye images from the current domain, which neglects the
clustering information. ‘ID-wise’ refers to randomly sample
Nnew clusters and one image per cluster, which has better
data diversity than ‘Random’. ‘ours’ refers to our proposed
strategy in Section that selects representative clusters
and credible images, which brings in the best performance on
both seen and unseen domains.

3) Memory buffer size: We build a hybrid memory buffer to
store cluster prototypes and image samples for the rehearsal
module of our method DJAA. With a default memory size
Nmem = 012, our image memory stores approximately 512
images ~ 0.8% of all the training images (Market, Cuhk-
Sysu and MSMT17). Meanwhile, our prototype memory stores
approximately 512 prototype vectors (dimension 1 x 2048 x
1 x 1)~4.2 MB, which is negligible compared with storing
dataset images (for example, MSMT17x2.5 GB).

To further evaluate the dependency on the memory size, we
vary the value of n,,.,, and report the results in Table If
the buffer size is limited to an extremely small number, such as
32 or 64, the results are even lower than our adaptation module
baseline. When the buffer size is greater than or equals 128,
the results are higher than the baseline. We can observe that the
more data we store, the higher performance DJAA can achieve.
As shown in Table CLUDA [32] achieves 46.4% mAP and
62.8% mAP with a buffer size of 512. It is worth mentioning
that our method achieves higher performance (49.8% mAP and
67.3% mAP) than CLUDA [32], when the buffer size equals
128.

4) Efficiency of backward compatibility: Backward com-
patible learning aims to maintain the consistency of repre-
sentations after training more data, so that we do not need
to re-extract gallery features after each adaptation step. As
shown in Table with Market gallery features extracted
at step 1, ICE has a cross-test performance 30.3% mAP /
49.3% Rank1 at step 2 and 3.4% mAP / 6.3% Rankl at step
3. In such case, Market gallery features need to be extracted
at steps 1, 2 and 3, and Cuhk-Sysu gallery features needs
to be extracted at steps 2 and 3. In contrast, reinforced by
the feature back-compatibility, Market and Cuhk-Sysu gallery
features need to be extracted only once in our method, at the
1% and 2"¢ step respectively. For example, with stored Market
gallery features, DJAA has a cross-test performance 71.7%
mAP / 89.0% Rankl at step 2 and 65.2% mAP / 85.6% Rank1
at step 3. A real-world lifelong ReID system may involve
more adaptation steps, where a backward compatible method
can avoid repetitive gallery feature extraction and fasten the
inference.



TABLE XV
SEEN-DOMAIN RESULTS (%) OF UNSUPERVISED (U) AND UNSUPERVISED LIFELONG (UL) METHODS ON ONE-CYCLE FULL SET BENCHMARK UNDER THE
TRAINING ORDER MSMT17—MARKET—CUHK-SYSU. * REFERS TO USING THE CAMERA LOSS EQ.(T0) TO REDUCE INTRA-CLUSTER VARIANCE. THE
BEST PERFORMANCE IS MARKED IN BOLD.

Memo MSMT17 Market Cuhk-Sysu Average
Method e | TP AP RankT | WAP Ramkl | AP Rankl | 5oip & F—
ICE [ 0 U | 54 140 | 421 634 | 825 84z | 423 33.9
CC [76] 0 U | 48 140 | 409 646 | 741 769 | 399 51.8
PPRL [22] 0 U | 44 129 | 454 705 | 802 830 | 433 555
LwF [43] 0 UL | 64 208 | 378 660 | 742 773 | 395 547
iCaRL [45] 512 UL | 65 203 | 400 687 | 757 787 | 407 55.9
Co2L [47 512 UL | 79 244 | 428 695 | 798 823 | 435 58.8
CLUDA [32] 512 UL | 139 315 | 501 773 | 820 842 | 487 643
CVS [12] 512 UL | 146 396 | 533 791 | 752 716 | 477 65.4
LSTKC (311 512 UL | 117 321 | 478 754 | 776 804 | 457 63.6
DJAA (ours) 512 UL | 181 438 | 537 790 | 820 840 | 513 68.9
DIAA* (ours) | 512 UL | 202 485 | 593 841 | 792 819 | 529 71.5
TABLE XVI

UNSEEN-DOMAIN RESULTS (%) OF UNSUPERVISED (U), UNSUPERVISED LIFELONG (UL) AND DOMAIN GENERALIZATION (DG) METHODS ON
ONE-CYCLE FULL SET BENCHMARK. THE TRAINING ORDER IS MSMT17—MARKET—CUHK-SYSU. * REFERS TO USING THE CAMERA LOSS EQ.(10) TO

REDUCE INTRA-CLUSTER VARIANCE. THE BEST UNSUPERVISED PERFORMANCE IS MARKED IN BOLD.

Method Memory Type VIPeR PRID GRID iLIDS CUHKO1 | CUHKO2 | SenseRelD | CUHKO3 3DPeS Average
Size mAP RI1 |mAP RI [mAP RI |mAP Rl [mAP RI [mAP RI |mAP Rl |[mAP RI [mAP RI |5,4p 3gri1
ICE [2] 0 U | 413 31.6] 328 220 31.1 200|721 61.7|47.6 47.1|51.3 47.3|36.7 29.1|13.6 32.77|47.1 555| 41.5 38.6
CC |76 0 U | 367 259|350 260|292 20.8|64.1 550|40.7 385|451 42.1|31.7 244|180 17.1|46.4 56.8| 385 34.1
PPRL [22] 0 U | 387 304|254 160|283 20.8|69.6 60.0|474 475|475 43.1|29.6 235|144 135|418 539| 38.1 343
LwF [42] 0 UL | 40.5 30.1]36.6 28.0|36.6 29.6|73.0 61.7|459 455|51.0 473|337 267|192 30.8|50.6 58.6| 43.0 39.8
iCaRL [45] 512 UL | 403 29.7| 36.0 25.0|36.0 264|744 66.7| 482 46.6|49.6 458|350 28.0| 18.6 32.2|52.6 60.5| 43.4 40.1
Co?L [47] 512 UL | 41.8 31.6| 50.2 38.0| 384 272|79.0 70.0|56.6 556 57.0 550|382 318|209 36.7|56.4 655| 48.7 457
CVS [12] 512 UL | 41.0 323|435 33.0|41.3 312|850 80.0| 61.0 57.8|59.1 56.3|404 327|294 363|564 64.1| 508 47.1
LSTKC [31] 512 UL | 39.1 27.8|453 350|378 288|774 683|616 61.7|60.1 59.6|382 299|230 365|516 61.4| 482 455
DJAA (ours) 512 UL | 47.6 36.4| 51.8 41.0 | 40.6 32.8| 825 75.0|69.1 689|674 657|449 37.6|255 452|572 64.1| 541 519
DJAA* (ours) | 512 UL | 46.1 339|485 37.0|40.5 304|805 71.7|70.7 70.2| 67.4 653|45.0 37.1|31.0 436|593 66.4| 543 50.6
ACL [25] All DG | 69.2 60.8] 60.0 50.0|58.8 488|899 86.7|784 77.8|77.1 764|624 535|651 673|71.1 788| 702 66.7
TABLE XVII

BACKWARD-COMPATIBLE PERFORMANCE ON MSMT17. FULL SET TRAINING ORDER #2: MSMT17—MARKET—CUHK-SYSU. Q1,92 AND Q3
RESPECTIVELY DENOTE MSMT 17 QUERY FEATURES EXTRACTED AFTER STEP 1, 2 AND 3. G1,G2 AND G3 RESPECTIVELY DENOTE MSMT 17 GALLERY
FEATURES EXTRACTED AFTER STEP 1, 2 AND 3. THE COLORED NUMBER IS THE DIFFERENCE BETWEEN SELF-TEST AND CROSS-TEST.

Step 1 Step 2 Step 3

Method Self-Test (Q1,G1) | Self-Test (Q2, G2) Cross-Test (Q2,G1) Self-Test (93, G3) Cross-Test (Q3,G1)

mAP R1 mAP R1 mAP R1 mAP R1 mAP R1
ICE [2] 327 65.7 6.6 20.1 3.8(12.8)  9.3(]10.8) 7.6 22.6 1.0} 6.6)  2.7(] 19.9)
Co’L [47] 25.8 57.6 7.0 20.9 2.2(14.8)  6.1() 14.8) 7.7 23.8 02(L 7.5)  0.3(] 23.5)
CVS [12] 27.3 59.2 18.3 44.7 19.5 45.4 14.6 39.6 15.3 36.6(/ 3.0)
LSTKC [31] 28.0 59.8 17.1 41.2 19.7 44.7 11.7 32.1 12.2 30.4() 1.7)
DJAA (ours) | 27.1 59.3 21.6 49.4 24.4 53.9 18.1 43.8 20.6 48.3

TABLE XVIII TABLE XIX

COMPARISON OF MEMORY BUFFER UPDATING STRATEGIES. ‘RANDOM’
REFERS TO RANDOMLY SAMPLE Ny IMAGES FROM OLD AND CURRENT
DOMAINS. ‘ID-WISE’ REFERS TO RANDOMLY SAMPLE 7y ey CLUSTERS
AND ONE RANDOM IMAGE PER CLUSTER. ‘OURS’ REFERS TO SAMPLE

NUMBER OF IMAGES PER PSEUDO IDENTITY IN THE MEMORY. ‘BASELINE’
REFERS TO ONLY USE THE ADAPTATION MODULE, LE., Lpa + Liq, WHICH
DOES NOT STORE ANY SAMPLE FOR REHEARSAL.

Npew CLUSTERS WITH THE LARGEST CLUSTER SAMPLE NUMBERS AND Buffer Size Seen Unseen

ONE IMAGE NEAREST TO THE PROTOTYPE. Nmem SmAP  SRankl | SmAP  SRankl

Baseline 419 62.7 47.0 449

Method | Seen _ Unseen 32 358 529 3838 353

SmAP SRankl SmAP SRankl 64 40.2 56.4 41.5 38.8

Rand(.Jm 53.8 69.8 53.9 50.6 128 49.8 67.3 51.8 493

D-wise 2‘4‘-3 ;i; ggf gi; 256 52.5 69.6 542 515

. = = = - 512 54.9 71.6 571 54.3

V. CONCLUSION

In this paper, we propose an anti-forgetting adaptation
method for unsupervised person ReID. The traditional unsu-
pervised domain adaptation methods aim at obtaining the opti-
mal performance on a fixed target domain, which shows poor
anti-forgetting, generalization and backward-compatible abil-
ity. To tackle the three problems at once, we propose a Dual-

level Joint Adaptation and Anti-forgetting (DJAA) method,
which mainly consists of an adaptation module and a rehearsal
module. In the adaptation module, we leverage a prototype-
level contrastive loss and an instance-level contrastive loss to
maximize the positive view similarity for learning new domain
features. In the rehearsal module, our method regularizes
the image-to-prototype and image-to-image similarity across



domains to mitigate the knowledge forgetting. In comparison
with previous lifelong methods, our proposed DJAA signif-
icantly improves the non-forgetting ability on seen domains
and better generalization ability on unseen domains.
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